The quantitative evaluation of images taken during biofilm experiments is an important step in determining the relation between biofilm performance and biofilm architecture. Whereas areal descriptors are used by some researchers, descriptors of biofilm texture have received limited attention. In our research, the texture of images documenting long-term biofilm experiments was evaluated using a spatial grey level dependence matrices (SGLDM) approach. By calculating SGLDM for a wide range of position operators (angle -distance combinations), the discriminatory power of this approach was extended. For some descriptors, surface plots allowed the direct spatial interpretation of texture. Using principal component analysis (PCA) a subset of independent textural descriptors was identified. It is suggested to determine textural fingerprints of stages during biofilm development by making use of PCA and biplots.
Introduction
Biofilm architecture can be directly related to biofilm performance as architecture impacts mass transfer in biofilms and thus the nutrient supply for microorganisms (Lewandowski and Beyenal, 2003) . Nutrient supply, in turn, influences the composition of the microbial community and is, therefore, a determining factor in the degradation potential of a biofilm. If biofilm architecture can be quantified and related to reactor operation, it may eventually become feasible to control process parameters of a biofilm reactor in order to develop a desired architecture and thus desired reactor performance. Tools for the quantification of biofilm architecture also have an application in more fundamental research when, for example, the biofilm formation potential of different genotypes of bacteria is examined such as in Purevdorj et al. (2002) .
When taking an image of a biofilm and therefore coercing a 3D object into two dimensions, naturally some information about the 3D distribution of biomass is lost. Nevertheless, 2D images of biofilms conserve architectural information in terms of, for example, biomass density per surface area and therefore can be used for the description of architecture. To date, biofilm images are frequently only manually and qualitatively compared with each other. Obviously this type of comparison can be strongly biased and is limited by the number of images that are compared. It is, therefore, desirable to have methods available that allow the automated and quantitative evaluation and comparison of images.
Important steps towards the quantitative and automated evaluation of biofilm images were taken with the publication of a number of software. Heydorn et al. (2000) introduced "COMSTAT". In the same year Yang et al. (2000) published a further developed version of "image structure analyser" (ISA). Recently, Daims et al. (2006) contributed the software "daime". All of these software make use of an approach Yang et al. (2000) refer to as "areal". Areal structure analysis, however, requires binarisation of the image prior to the analysis. From the binarised images areal porosity, diffusion distance, fractal dimensions and many more parameters can be calculated. Binarisation is often difficult (Yang et al., 2001) and some of the structural information is lost during the binarisation process. Part of this information can be preserved using the textural approach introduced by Lewandowski et al. (1999) and described in more detail by Yang et al. (2000) . Texture describes the spatial relationship between the grey levels of pixels in an image. The textural approach by Yang et al. (2000) is based on the evaluation of spatial grey level dependence matrices (SGLDM). SGLDM display the joined probabilities of the grey levels of two pixels separated by a position operator. Yang et al. (2000) had already indicated that quantifying biofilm architecture is a multidimensional endeavour since many descriptors can be designed to extract information on biofilm architecture from images. A list of possible textural descriptors is given by Haralick et al. (1973) . Which of these descriptors are important in texture analysis for biofilm images is unclear. In ISA, the three descriptors "energy", "textural entropy", and "homogeneity" are successfully used. A different choice of descriptors could potentially reveal more or other textural information. In addition, there is evidence in the literature that the discriminatory power of SGLDM improves when several position operators are used (Conners and Harlow, 1980; Gonzalez and Woods, 2002) .
In this paper we demonstrate how a set of meaningful descriptors can be selected for texture analysis of biofilm images acquired during long-term biofilm experiments. In addition, we show that by the application of a wider range of position operators than used in Haralick et al. (1973) and in ISA the sensitivity of SGLDM towards biofilm features can be increased.
Materials and methods

Experimental set-up
Long-term experiments were performed in an annular reactor (model 1120, BioSurface Technologies Corp., Bozeman, MT, USA), operated at 300 rpm with a hydraulic retention time of 23 min. The original reactor design was modified as described in Milferstedt et al. (2006) . In brief, the annular gap was reduced in the modified reactor from originally 0.8 to 0.6 cm. A new effluent port was added to the outer cylinder. The new port location is advantageous over the original location in order to avoid trapping of particles inside the reactor. The inner drum of the annular reactor houses 20 polycarbonate slides. Sterile filtered glucose (0.2 mm, nylon membrane) at a loading rate of 3.3 g m 22 d 21 and autoclaved mineral salts were added to the reactor. The reactor was inoculated with a mixed enrichment culture obtained from tap water. Inoculation and reactor operation are described in detail in Milferstedt et al. (2006) . The reactor system is shown in Figure 1 .
Image acquisition
Regularly, images of the biofilm were acquired on selected slides using a desktop scanner (Epson Perfection 4180 photo scanner, Epson America Inc., Long Beach, CA) with a maximum optical resolution of 4,800 dpi. Each image had pixel dimensions of 2,509 £ 1,638 pixels. At 4,800 dpi each pixel in the images represented an area of approximately 5.3 £ 5.3 mm. Images were saved as uncompressed 8 bit grey scale tagged image file format files. Details about the image acquisition are provided in Milferstedt et al. (2006) .
Feature extraction, variable selection and texture classification SGLDM are used for the extraction of textural features from the biofilm images. SGLDM display the probabilities of finding pixel pairs in an image with a specific combination of grey levels assigned to the pixels. The calculation of SGLDM depends largely on the definition of "pixel pair" since the two pixels in a pair of pixels are separated by a variable distance d and a variable angle u off the horizontal direction. Equations (1) and (2) show how d and u are transformed into the horizontal and the vertical coordinate of a position operator ( j x ,j y ) that separates the pixel pair.
After examining all possible locations in an image that satisfy the position operator, the SGLDM is normalised by the total number of occurrences for a given position operator. The normalised SGLDM calculated for a variety of position operators preserve a substantial amount of textural information. This information can be extracted using textural descriptors that are calculated from the individual SGLDM. SGLDM analysis is performed using compiled stand-alone software programmed in FORTAN. All descriptors in Haralick et al. (1973) plus the additional descriptors "element difference moment of order 2 (inertia)" and "maximum probability" (Gonzalez and Woods, 2002, p. 669) were used for the calculation of SGLDM. It was expected that a number of the descriptors are correlated with each other. A practical and simple way to identify the correlation among the descriptors was PCA. PCA was performed on the correlation matrix of the dataset. As a result of the analysis only the descriptors "energy" (ENG or f 1 ), "correlation" (COR or f 3 ), s 2 (VAR or f 4 ), m n (SAVG or f 6 ), "sum textural entropy" (STE or f 8 ), and f 12 were retained and further considered in this work. The following descriptors were disregarded as these descriptors showed high correlation to others and thus did not offer additional information about the images: "contrast" (f 2 ), "inverse difference moment (homogeneity)" (f 5 ), "sumvariance" (f 7 ), "textural entropy" (f 9 ), "difference variance" (f 10 ), "difference entropy" (f 11 ), f 13 , "inertia" and "maximum probability". The f x notation identifies the descriptors and their definitions in Haralick et al. (1973) . The selection of the descriptors is explained in more detail in the Results and discussion section. In a last step, textural information is presented in surface plots by relating descriptor signal to the distances and angles of the position operators for which the SGLDM were recorded. In Table 1 the workflow of feature extraction, variable selection and texture classification is summarised. The reader may refer to Yang et al. (2000) for a visual example of SGLDM for fixed position operators with d ¼ 1 and u ¼ 45 and 908.
Results and discussion
In Figure 2 , a correlation plot based on PCA for all 15 descriptors is shown. Correlated descriptors can be identified from the correlation plot as collinear vectors. It appears from the plot that more than half of the analysed descriptors are highly correlated. There is no gain of information when more than one descriptor of a group of highly correlated descriptors is analysed. Consequently, we limit subsequent discussions to the descriptors ENG, COR, VAR, SAVG, STE and f 12 as these descriptors represent well the variability captured by the first two PCs (. 86% cumulative proportion of variance for first two principal components).
A useful set of textural descriptors for the analysis of biofilm images needs to fulfil a number of criteria. Apart from being sufficiently uncorrelated (a) at least one descriptor must be able to distinguish images with identical spatial organisation but different amounts of biomass (indicated by a difference in grey level). (b) Images must be differentiated with identical total biomass (identical mean grey level) but different spatial organisation. One example for spatial organisation is the formation of streamers that introduce a general directionality in the biofilm that need to be differentiated from, for example, more circular microcolonies that do not impose strong directionality on the biofilm. (c) Spatial organisation is dependent on the scale of observations and direction. For that reason it is important that descriptors are sensitive towards the choice of position operators. In Figure 3 , examples of surface plots for the descriptors STE, f 12 and COR are given. These descriptors are used to discuss the aforementioned criteria. Surface plots were constructed for every textural descriptor. Each data point in the surface plot summarises data for a specific position operator from four different images (see also Table 1 ). Figure 3a .1 -3 shows surface plots for STE. STE resolves average biomass growth on time series of biofilm images. However the sensitivity of STE towards position operators is limited as the differences in STE for different position operators are small compared with the range of STE for different time points. SAVG (no surface plots presented), which directly relates to the average grey level of the images, shows a similar behaviour as STE (Figure 3a.4 ). Both descriptors appear to pick up other aspects of biofilm texture as the descriptors are not highly correlated (see Figure 2 ). They therefore contribute distinguishable textural information. This becomes more apparent when the time series for STE and SVAG are compared at day 12 (Figure 3a.4) . The relative decrease in SAVG is approximately five times higher than the decrease in STE. The decreases document a detachment event on day 11 during which a high amount of biomass was lost. The effect of the detachment event can be seen when comparing the biofilm images in Figure 4 between days 9 and 12.
The response of f 12 (Figure 3b .4) towards the detachment event is more ambiguous. More pronounced, however, are two peaks at approximately 9 and 16 days. The interpretation of the peaks proves difficult as the visible changes in the images are more subtle than after the detachment event (Figure 4 ). It appears that filamentous streamers become more dominant in the images when f 12 increases. Generally, f 12 shows sensitivity (Figure 3b.1 -b.3) . This sensitivity is noticeable in Figure 3b .4 in the differences between position operator distances of 64 and 254 mm. The displayed data in Figure 3b .4 are averaged over angles between 0 and 1408. Compared with SAVG, the meaning of f 12 is less intuitively accessible. Computationally, f 12 is the most complex descriptor among those listed by Haralick et al. (1973) .
In Figure 3c surface plots of the descriptor COR are shown. Generally, COR is positive when the occurrences in the SGLDM are predominantly from pixel pairs with similar grey level. If the grey levels of the pixel pairs have contrasting values COR is negative. Uncorrelated SGLDM return values around 0. Also, the descriptor COR shows sensitivity towards the distance component of the position operators as can be observed in the surface plots c.1 -c.3. Note the different responses of f 12 and COR towards distances. The initial slope of descriptor signal over distance is steeper for f 12 compared with COR. As for the case of STE and SAVG also the two descriptors f 12 and COR show a similar behaviour when plotted as time series. This is reflected in the correlation plot ( Figure 2) where the vectors for f 12 and COR are the most correlated among the six remaining descriptors. Compared with the disregarded descriptors, however, correlation of COR and f 12 is small so that it is acceptable to retain both descriptors.
In addition to distance sensitivity, COR also reveals information about the main directionality of biofilm growth by showing a response to the angle component of the position operator. Over time the development of a ridge in the direction of 808 can be observed in the surface plots of Figure 3c .1 -3. In Figure 3c .4, COR is plotted as time series for the angles 80 and 1408, averaged over distances between 85 and 360 mm. In this plot the sensitivity towards the angle component is indicated by the difference between the two angles. The difference between 80 and 1408 is small during the first week of the experiment. Only after this time does the biofilm develop a more pronounced directionality in the direction of 808 that is captured by COR. In the direction of 1408, COR was lowest. The predominant directionality in the direction of 808 coincides with the estimated flow direction inside the reactor setup. As our biofilms showed strong filamentous growth (see Figure 4) , it is assumed that the flow field in the reactor aligned streamers in flow direction, causing a textural response on the images.
After evaluating several textural descriptors it is clear that no one single descriptor alone is sufficient to describe the complex texture of biofilm images. When a larger number of descriptors is used for texture analysis, it is not surprising to find descriptors that do not convey intuitive physical or biological meaning. We still suggest the usage of these descriptors as they, nevertheless, describe important aspects of the images without which the classification of images would be difficult as Heydorn et al. (2000) already suggested.
The sensitivity of textural descriptors towards distances and angles in the position operators makes them useful tools for the detection of textural features. At the same time, it is important to pay close attention to the selection of these parameters when calculating SGLDM. The choice of position operators can significantly alter the results obtained as different aspects of the images' texture are evaluated. In the end, using a wider range of position operators provides the opportunity to improve the discriminatory power of SGLDM (Conners and Harlow, 1980) .
Presenting the results of the evaluation of several textural descriptors over a wide range of position operators and images requires the multidimensional display of descriptors and experimental conditions.
In future work we will perform PCA to reduce the dimensionality of the calculated data. The results will be shown in biplots. Biplots allow the display of the complex interplay of variables and observations in two dimensions. Images of biofilm with various textural signatures can then be differentiated based on their spatial position in the biplot. Eventually, regions in biplots may be interpreted as textural fingerprints of stages during biofilm development and thus allow the quantitative summary of biofilm architecture.
Conclusion † Out of the list of position operators, more than half were strongly correlated and thus did not contribute to explaining variability in the images. † The selection of "energy" (ENG), "correlation" (COR), s 2 (VAR), m n (SAVG), "sum textural entropy" (STE) and f 12 was sufficient to explain most variability (. 86% cumulative proportion of variance for first two principal components). † When a wide range of position operators is used, some descriptors (e.g. COR) reveal information about the images that can be directly related to physical properties of the biofilm. COR is useful for detecting the angle of main directionality in images. However, not all descriptors can be associated with a physical interpretation. † Descriptors based on SGLDM in conjunction with PCA are promising tools for the development of textural fingerprints of biofilm images.
